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  Abstract 

 

 

 The agriculture industry provides food and economic stability for the entire world 

population. Nevertheless, crop diseases still pose serious problems, resulting in 

considerable economic losses and decreasing crop yields. Therefore, timely and 

precise identification of the diseases becomes critical in minimizing their 

consequences. The conventional method used in detecting crop diseases is based 

on manual examination of crops, which requires extensive labor input, is not 

always precise, and depends heavily on the experts' knowledge. Such features 

make this approach impractical for modern farming.The present research 

introduces an innovative IoT-based approach for automated identification of crop 

diseases through image processing and CNNs. Within this system, sensors and 

smart cameras can be installed in crop fields to take and send photos of the crop 

leaves to the processing unit. Further, images are subjected to the preprocessing 

stage to reduce noise and normalize size and color values. The preprocessed 

images are further used by applying a CNN-based model, that is, automatic 

extraction of important attributes such as color changes, textures, disease-related 

characteristics, and more. Further, the proposed model is capable of classifying 

the images into different diseases with great accuracy. In addition to that, state-of-

the-art techniques, such as attention mechanism and Grad-CAM, can be utilized 

for improvement in performance.The suggested system offers real-time 

monitoring capabilities as well as the results are provided via a user-friendly 

interface. As a result, the farmers are able to take quick and informed actions. With 

the reduction in dependency on manual inspection methods, as well as increased 

accuracy of image classification, the overall agricultural production process 

becomes much more efficient and productive. 
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1. Introduction 

 

The agricultural sector plays an immensely crucial role in the economic development and food security of any nation. There are 

millions of people around the world who depend on agriculture as their source of earning money. Nevertheless, crop diseases are 

known to be extremely hazardous factors that lead to huge financial losses due to low productivity of crops. The reason behind these 

diseases may include fungi, bacteria, viruses, and environmental hazards. Hence, crop diseases need to be identified on time to avoid 

huge losses from agriculture [1]. 

In conventional techniques, crop disease detection can be performed manually where humans have to play a central role in the entire 

process. This method takes quite a lot of time since humans have to inspect each crop in the farm to identify the diseases. Moreover, 

when the number of crops increases, it will become impossible for humans to inspect the entire farm [2]. 

Through technological developments, computer vision and machine learning algorithms have been applied to automate the procedure 

of disease identification. These algorithms utilize images of leaves to detect any abnormalities in plants such as spotting, color change, 

and texture differences. In these algorithms, deep learning models like the Convolutional Neural Network (CNN) have proven to be 

very efficient at classifying images. The convolutional neural network can extract significant features from an image without requiring 

manual feature selection, thus enhancing its performance in plant disease detection [3], [4]. 

Over the last few years, the incorporation of the Internet of Things (IoT) has made great strides in automating agriculture. The Internet 

of Things comprises electronic devices that can be installed in agricultural farms to record real-time information about crops. Through 

these IoT devices, images of plants can be captured and transmitted for analysis in a processing unit [5]. 

Image preprocessing algorithms have proven valuable in boosting the efficiency of the disease identification system. The techniques 

include noise reduction, image improvement, image resizing, and segmentation. This helps to ensure that the images captured are of 

good quality and isolate the affected areas in the leaf. Consequently, the deep learning algorithm receives appropriate and relevant 

inputs, enabling it to provide accurate predictions. 
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However, despite the progress made, most existing approaches have failed to be applicable in real-world settings. The algorithms rely 

on a large amount of training data, which may not be available in many instances. Also, some of these algorithms require massive 

computing power, making it hard to implement them. Moreover, external factors like different lighting conditions affect the accuracy 

of such models when applied in practical situations.. 

To solve all these problems, this project suggests an IoT-integrated deep learning-based approach to disease detection for crops. This 

project uses IoT devices for real-time image acquisition, image signal processing for improving data quality, and convolutional neural 

networks for classifying the diseases of crops with a higher degree of accuracy. 

 

A. Contribution of this Research : 

 

1. Integration of IoT in Agriculture: This research aims at studying the application of IoT devices such as smart cameras and sensors 

in the process of obtaining real-time images and constant monitoring of agricultural fields. 

2. Deep Learning Models: This research studies the application of convolutional neural networks (CNNs) to automatically detect crop 

diseases by examining images with a high level of accuracy. 

3. Application of Image Signal Processing Approaches: This project examines the process of data preprocessing and data 

enhancement, which involves image enhancement and segmentation to improve image quality. 

4. Identification of Research Gaps: The research highlights certain gaps that still exist in current researches, namely real-time detection 

inability, limited diversity of datasets, and lack of frameworks integrated with IoT 

 

2. Related Work 
 
Although there have been some remarkable improvements in the use of machine learning and deep learning algorithms in crop disease 

detection, there are still many obstacles that need to be overcome. These include reliance on high-quality data sets, computational 

difficulties, and inability to integrate the system into real-time applications. 

The recent progress in Artificial Intelligence (AI) and Deep Learning (DL) has seen great strides in automated crop disease detection 

using leaf images. Nyawose et al. [1] provided an extensive overview of machine learning and deep learning algorithms. They found 

that CNNs outperformed conventional methods because they could automatically detect features. Nevertheless, their study failed to 

provide real-time IoT for field testing. In the same vein, Dhaka et al. [2] evaluated some CNN models like AlexNet, VGG, and ResNet. 

They showed great performance improvement but their model was highly dependent on large labeled data sets and did not allow real-

time implementation. 

Hasan et al. [3] explored various deep learning problems like data labeling issues, expensive computation, and scalability. This 

research indicated that semi-supervised learning strategies were used to resolve the issues mentioned above. Abade et al. [4] reviewed 

CNN-based methods and proved that the techniques were effective for image recognition; however, there were restrictions concerning 

the lack of implementation in real life and compatibility with IoT devices. Agriculture studies utilizing Mishra’s approach like the 

work of Shelar et al. [5] introduced CNN-based approaches where accuracy was improved with the help of preprocessing strategies. 

Still, such algorithms have a limitation in terms of using small data and not implementing real-time monitoring. 

Further developments include the utilization of the EfficientNet-based model by Sun et al. [6]; this model had higher accuracy because 

of proper data extraction and data augmentation techniques. However, the model requires a lot of computational costs and is applied 

mostly to laboratory datasets. According to Ahmad et al. [7], the significance of CNN became more evident after ImageNet 

achievement; the authors recommended combining CNN and IoT technologies.. 

However, Upadhyay et al. [8] discussed modern computer vision algorithms for detecting crop disease, emphasizing the need for real-

time systems but mentioning high costs and scalability. Hukkeri et al. [9] designed CNN-based models that detect multiple diseases 

with higher accuracy; however, their model is not a real-time system and relies on the quality of datasets. Demilie et al. [10] compared 

machine learning and deep learning models and found that CNN offers more accurate outcomes, despite its computational complexity. 

In recent times, researchers have proposed more advanced and hybrid models for detecting crop diseases. Capsule Networks [12], 

which offer better classification accuracy and deal with distortions, raise computational complexity. The hybrid models of CNN and 

LSTM [15], which consider both spatial and temporal attributes, offer better accuracy and prediction but take longer to train. Models 

based on transfer learning, such as EfficientNet [13], also deliver good results with small datasets. 

In addition, although optimization-based techniques, such as BWOM [14], enhance accuracy, they lead to an increase in complexity. 

Comparative analyses of CNN architecture, including VGG, ResNet, and MobileNet, have established that lightweight models can be 

used in mobile applications, despite variations in accuracy levels. Real-time systems, combined with mobile applications [17], give 

quick results to farmers, although they rely heavily on internet and environmental conditions. 

Examples of advanced systems, such as PDD-DL [18], prioritize scalability and real-time detection but rely on expensive hardware. 

On the other hand, hybrid ML-DL models enhance efficiency but lead to increased costs and complexity. A systematic review of 

literature [20] has established the existing gaps in current research, mainly lack of IoT-based models and real-time systems. 

Innovations in recent years include attention-based CNNs [22], region-based CNNs [23], and multi-class classifiers [24]. While these 

models improve accuracy, they increase computational demands. Finally, integration of AI and IoT models [25] allows for constant 

monitoring and decision-making, although high costs and complex infrastructure make them unaffordable in small-scale farms.. 

Figure 3.1 provides examples of healthy and diseased structures in crop leaves, where differences include a regular pattern for healthy 

leaves and an irregular pattern for diseased leaves. Such differences form essential attributes that help in classifying the leaves using 

deep learning algorithms. 
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Fig. 1: Comparison of Healthy and Diseased Crop Leaves 

 

From the above diagram, one can observe a stark contrast in terms of appearance between the healthy leaf structure and a diseased 

leaf suffering from early blight. From the healthy leaf structure, we notice that it has a consistent structure with a uniform green color, 

smooth texture, and well-defined veins, implying the plant is growing healthy and undergoing physiological processes without any 

complications. This further means that there are no spots or discolorations, which are signs of healthiness of the leaf and freedom from 

any form of infections. On the other hand, from the diseased leaf, we see various signs including yellowing of some areas, brown 

spots with yellow halos, and big dead areas. In addition, the texture of the leaves becomes irregular, with damaged edges. All these 

are some of the common signs of fungal infection such as early blight. All these features are key to the classification process. Through 

IoT-based cameras, images will be taken and processed before being classified using CNNs. 

 

 

 

Table 1: Traditional Crop Disease Detection Methods and Their Limitations 

Traditional Technique Application Limitation 

Manual Inspection Visual identification by farmers Time-consuming and inaccurate 

Laboratory Testing Disease confirmation using chemical analysis Expensive and slow 

Image Processing (Traditional ML) Feature-based classification Requires manual feature extraction 

CNN-based Models Automatic disease detection High computational cost 

IoT-based Monitoring Real-time data collection High infrastructure cost 

 

3. Methodology used for detection of Crop Detection 

3.1 ResNet18 

ResNet18 is one of the deep learning algorithms that can be used to classify images, and in this case, it will be used to confirm the 

presence of leaves in any given image. The primary function of ResNet18 is to overcome the problem of vanishing gradients in deep 

neural networks through the use of skip connections that enable data to move between layers without getting lost in the process. 

Instead of trying to learn a mapping function, it learns a residual function, making it easier to train. The algorithm has 18 layers, 

including convolutional layers and residual blocks, which aid in the extraction of relevant information from the images. This system 

uses the algorithm to perform a binary classification task (presence of leaves), thus ensuring that only images containing relevant 

leaves go through the subsequent processes. This makes the system more reliable and eliminates errors during disease prediction 

 

3.2 Squeeze-and-Excitation (SE) Attention Mechanism 

The SE (Squeeze and Excitation) Attention method can be applied for deep learning in order to emphasize the crucial features of an 

image, thus increasing classification performance. The primary purpose of the SE approach is to strengthen the capacity of a CNN to 

capture feature channels by applying specific weights to them. First, in the “squeeze” procedure, global information contained in a 

feature map is reduced to a small number of values that are then fed into the next layer of the network. The latter, known as “excitation,” 

is responsible for evaluating the relevance of certain features, thus providing their specific weights. For instance, crucial disease spots 

or texture changes are highlighted, while insignificant background elements become almost irrelevant. 
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3.3 CNN-Bidirectional LSTM Hybrid Model 

The CNN-Bidirectional LSTM architecture is an innovative combination of CNN and LSTM techniques that help increase the 

accuracy of disease detection. In essence, the primary purpose of this network is to identify both spatial and sequential dependencies 

within images of leaves. On one hand, the CNN model identifies visual features like edges, textures, and colors in images, while on 

the other hand, the LSTM model takes those features as inputs and analyzes their sequences for relationships within different parts of 

the leaf image. This approach, known as Bidirectional LSTM, enables the analysis of an image from two perspectives at once. 

Therefore, a hybrid model offers a better understanding of the structure of diseases within images compared to CNN alone 

. 

3.4 Grad-CAM (Gradient-weighted Class Activation Mapping) 

Grad-CAM is one of the XAI methods used to visually interpret how the deep learning model generates its predictions. Its primary 

function is to emphasize the significant regions in an input image that impact the model's decision. It achieves this by computing the 

gradient of the predicted class score with respect to the activation map of the final convolutional layer in the neural network. The 

output is used to produce a heatmap that indicates which parts of the image are more important in generating the prediction. The 

heatmap is then superimposed over the image for easy interpretation of what the model sees as the essential parts of the image. 

 

3.5 Canny Edge Detection and Image Fusion 

Canny Edge Detection is an image processing technique that detects edges and structural information from an image. Canny Edge 

Detection is used to emphasize significant edges like leaf veins and diseases present in the image. This includes a number of steps, 

including reducing noise, calculating gradients, and detecting edges using thresholding methods. Once the edges are detected, the 

edges are overlaid on the original image by the use of image fusion techniques. This gives a clearer view of the structural information 

and any diseases present in the image. With this approach, the user can easily see the area where the diseases are occurring in the leaf. 

 

3.6 HSV Color Masking (Green Ratio Detection) 

The HSV Color Masking process is an image pre-processing step that helps to guarantee that the provided image has a proper plant 

leaf. It can be described as a procedure used to filter unnecessary images based on the presence of a certain color (green). To begin 

with, the RGB color representation of the image should be converted into the HSV color space as the latter isolates color information 

from light information. Then, the green color mask is applied, and the number of green pixels in the image is counted relative to the 

total pixel number. Should the obtained ratio fall under the required level, the picture will be excluded from further analysis as it does 

not provide enough plant information. 

 
Fig. 2: Proposed System for Crop Disease Detection 

 

The designed system architecture for crop diseases will be implemented in such a way that it will have three major processes. These 

include data acquisition and pre-processing, deep learning based feature extraction, and classification with explainability and 

recommendations. First, the leaves images are obtained from IoT enabled smart cameras that are mounted in the farms or by users 

who upload their images through their mobile or web application. However, to ensure that only legitimate data are used for analysis 

and processing, a validation process is carried out in two steps. The first step involves checking whether there are enough green pixels 

in the image using the HSV color space. If not, then the image will go through another validation process that uses a deep learning 

algorithm called ResNet18. Here, the image is classified into “Leaf” or “Not Leaf”. 
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Once validation of the image is done, the next step involves preprocessing the image to make it suitable for deep learning analysis. 

Preprocessing involves resizing the image into a uniform size, e.g., 224 × 224 pixels, removing noise from the image, normalizing 

pixels to range between 0 and 1, and extracting the leaf region by separating it from the background. All these steps are crucial for 

ensuring optimal performance of the deep learning model. 

The second process involved in deep learning analysis is feature extraction. It involves the use of state-of-the-art deep learning models 

such as CNNs or CNN-LSTMs for analyzing images. CNN layers extract important spatial features including edges, textures, colors, 

and disease patterns in the leaf image. At the same time, pooling helps in reducing the dimensions of feature maps while still preserving 

most of the information contained in the feature map. On the other hand, techniques such as SE attention or LSTM can be employed 

to capture important spatial features of an image through the creation of relationships between different features in the leaf. 

In the last phase, the process is capable of identifying and predicting diseases based on their classifications, and the model can produce 

an explainable result. The trained model produces the identified class of the disease, accompanied by the confidence level of the 

predicted output to determine its accuracy. To ensure the user understands the system and increases trust, the process uses Explainable 

AI algorithms such as Grad-CAM that produce heatmaps emphasizing the areas within the leaf where the prediction was made. 

Moreover, the process uses a recommendation engine that searches for the relevant treatment process using a predefined database that 

contains different treatment processes for various types of crops, including specific pesticides. Finally, the results produced by the 

process, including the predicted disease, confidence level, and explanation and recommendations, are presented in the form of a report 

in PDF format. 

 

3.7 IoT Devices Used 

 

Arduino Board 

 
Fig. 3. The Arduino Board Used in the Proposed System 

The Arduino board is an open source microcontroller board that is utilized extensively in IoT-based systems for data acquisition and 

device interface operations. The components present on an Arduino board include the microcontroller unit, digital and analog 

input/output ports, USB interface ports, and power supply unit. For the proposed system, the Arduino board has been chosen as a way 

to connect to sensors or other input devices to gather the real-time environmental data from the agricultural lands. It serves as a 

connecting link between hardware components and data processing system. The gathered data could either be processed by itself or 

forwarded to some other component like ESP32 for further processing. 

 

ESP32 Device 

The ESP32 is a highly advanced microcontroller that has been built for use in IoT applications. This microcontroller has built-in Wi-

Fi and Bluetooth connections. The ESP32 contains high-speed processors, many GPIO pins, analog/digital interfaces, and 

communication modules (ESP-WROOM-32). The use of the ESP32 in this project ensures the effective real-time transfer of data from 

the agriculture farm field to the processing machine or cloud storage device. The ESP32 supports both wired and wireless 

communication; thus, it can be connected to sensors or cameras and help collect data wirelessly. The ESP32 provides enhanced 

performance and processing speeds compared to other microcontrollers 
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Fig. 4. ESP32 Module Employed in the Suggested Model 

 

 

Algorithm: Crop Disease Detection System 

 

Input: Image of Leaf (Either Captured Using IoT Device or Submitted by User) 

Output: Disease Category (Healthy/Diseased), Probability, Heatmap, and Cure Suggestion 

 

Step 1: Read the input image of leaf provided by the user or IoT device in the Flask back end environment and standardize it in an 

RGB image. 

Step 2: Transform the RGB image into HSV format and apply a green mask in HSV space using the predefined thresholds to filter 

the plant part of the image. Find the ratio of green pixels and if this ratio is below 0.05, then discard the image. 

Step 3: Resize the image to the size 224 x 224, transform it into the tensor and validate the image on the Resnet18 architecture. If the 

input image is not that of the leaf, then abort the process. 

Step 4: Perform preprocessing, i.e., resizing the image to appropriate size, scaling the pixel values to [0, 1] range and expanding the 

dimensions as per the deep learning model requirements. 

Step 5: Apply the CNN/LSTM model on the input preprocessed image to extract the spatial and sequential features and classify the 

disease type based on Softmax activation. 

Step 6: Determine the predicted disease category using the maximum probability obtained in step 5 and mapping it to the relevant 

disease. 

Step 7: Use Grad-CAM to produce heat maps showing the important parts of the leaf used in predicting the disease. 

Step 8: Carry out canny edge detection and superimpose edges with the original image to add structure to the leaf. 

Step 9: Access information on medicines for treating the identified disease from the database. 

Step 10: Prepare the final output consisting of disease name, confidence of accuracy, heat maps and medicines for treatment. Offer 

the user the ability to save the result as a PDF file. 

 

Mathematical Model for Crop Disease Detection 

 

𝐼 ∈ ℝ𝐻×𝑊×𝐶  (1) 

𝐹 = 𝑓𝐶𝑁𝑁(𝐼)  (2) 

𝑆(𝑖, 𝑗) = ∑ ∑ 𝐼(𝑖 − 𝑚, 𝑗 − 𝑛) 𝐾(𝑚, 𝑛)
𝑛

𝑚
  (3) 

𝑓(𝑥) = max⁡(0, 𝑥)  (4) 

 

Squeeze-and-Excitation (SE) 
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𝑧𝑐 =
1

𝐻×𝑊
∑ ∑ 𝑈𝑐

𝑊
𝑗=1

𝐻

𝑖=1
(𝑖, 𝑗)  (5) 

𝑠 = 𝜎(𝑊2 ⋅ 𝛿(𝑊1 ⋅ 𝑧))  (6) 

𝜎(𝑥) =
1

1+𝑒−𝑥  (7) 

𝑈𝑐 = 𝑠𝑐 ⋅ 𝑈𝑐  (8) 

 

Bidirectional LSTM 

𝑓𝑡 = 𝜎(𝑊𝑓[ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑓)  (9) 

𝑖𝑡 = 𝜎(𝑊𝑖[ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑖)  (10) 

𝐶̃𝑡 = tanh⁡(𝑊𝐶[ℎ𝑡−1, 𝑥𝑡] + 𝑏𝐶)  (11) 

𝐶𝑡 = 𝑓𝑡 ⋅ 𝐶𝑡−1 + 𝑖𝑡 ⋅ 𝐶̃𝑡  (12) 

𝑜𝑡 = 𝜎(𝑊𝑜[ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑜)  (13) 

ℎ𝑡 = 𝑜𝑡 ⋅ tanh⁡(𝐶𝑡)  (14) 

𝑦𝑡 = [ℎ𝑡
⃗⃗  ⃗, ℎ𝑡

⃖⃗ ⃗⃗ ]  (15) 

 

Grad-CAM 

𝛼𝑘
𝑐 =

1

𝑍
∑ ∑

∂𝑦𝑐

∂𝐴𝑖,𝑗
𝑘

𝑗
𝑖

  (16) 

𝐿𝐺𝑟𝑎𝑑−𝐶𝐴𝑀
𝑐 = max⁡(0,∑ 𝛼𝑘

𝑐
𝑘

𝐴𝑘)  (17) 

 

Canny Edge Detection 

𝐺(𝑥, 𝑦) =
1

2𝜋𝜎2 𝑒
−

𝑥2+𝑦2

2𝜎2   (18) 

∣ 𝐺 ∣= √𝐺𝑥
2 + 𝐺𝑦

2  (19) 

𝜃 = tan⁡−1 (
𝐺𝑦

𝐺𝑥
)  (20) 

 

Image Fusion 

𝑂𝑢𝑡𝑝𝑢𝑡(𝑥, 𝑦) = 𝛼𝐼1(𝑥, 𝑦) + 𝛽𝐼2(𝑥, 𝑦) + 𝛾  (21) 

 

Classification 

𝑧 = 𝑊1𝐹 + 𝑏1  (22) 

𝑦̂ = 𝑆𝑜𝑓𝑡𝑚𝑎𝑥(𝑧)  (23) 

𝑦̂𝑐𝑙𝑎𝑠𝑠 = arg⁡max⁡𝑘 𝑦̂𝑘  (24) 

 

Loss Function 

𝐿 = −∑𝑦𝑖log⁡(𝑦̂𝑖)  (25) 

 

Explanation of the Mathematical Model  

 

Equation (1) represents the input leaf image. 

Equations (2)–(4) describe Feature Extraction via Convolution Neural Network 

Equations (5)–(8) represent the SE attention mechanism. 

Equations (9)–(15) define the Processing via Bidirectional LSTM. 

Equations (16)–(17) describe Grad-CAM visualization. 

Equations (18)–(21) represent edge detection and image fusion. 

Equations (22)–(24) define classification and prediction. 

Equation (25) represents the loss function used for training. 

 

 

 

 

Table 2:Hyper parameter of hybrid model 

Hyperparameter Value / Setting Description 

Input Image Size 

(IMG_SIZE) 

224 x 224 x 3 The resolution all images are resized to before entering the 

network. 3 represents RGB channels. 
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Batch Size 

(BATCH_SIZE) 

32 The number of images processed simultaneously during one training step. 

Epochs (EPOCHS) 25 The maximum number of complete passes through the training dataset. 

Learning Rate 0.0001 ($10^{-4}$) Controls how much the model's weights are updated in response to the 

estimated error each time the weights are updated. 

Optimizer Adam Adaptive Moment Estimation. Computes individual adaptive learning 

rates for different parameters. 

Loss Function categorical_crossentropy Used for multi-class classification tasks where labels are one-hot encoded. 

Dropout Rate 0.4 (40%) The fraction of input units randomly dropped to 0 during training to 

prevent overfitting. 

Validation Split 0.2 (20%) The percentage of the dataset reserved for validating the model's 

performance during training. 

Early Stopping 

Patience 

5 The training will stop early if the validation loss (val_loss) does not 

improve for 5 consecutive epochs. 

CNN Filters (Both 

Models) 

[32, 64, 128] The number of output filters in the convolution operations for Layer 1, 

Layer 2, and Layer 3, respectively. 

CNN Kernel Size (3, 3) The spatial dimensions of the filters used in the convolutional layers. 

Pooling Size (2, 2) The window size used for Max Pooling to downsample the feature maps. 

LSTM Units 

(cnnlstm.py) 

64 The dimensionality of the output space for the Bidirectional LSTM layers. 

SE Block Ratio (cnn.py) 16 The dimensionality reduction ratio used in the Squeeze-and-Excitation 

dense bottleneck layer. 

Activation Functions ReLU, Softmax, Sigmoid ReLU for hidden layers, Sigmoid for SE attention weights, 

and Softmax for the final classification output. 

 

The model takes an input image size of 224 x 224 x 3 to remain consistent in data processing. The batch size of 32 makes sure that 

the training process will be done efficiently and save memory at the same time. The model gets trained in 25 epochs with a learning 

rate of 0.0001 for obtaining better results. Using the Adam optimizer will provide faster convergence, whereas categorical cross-

entropy is chosen as the loss function for multi-classification. Dropout rate of 0.4 and validation split of 20% are implemented for 

avoiding overfitting. Early stopping with a patience of 5 is also considered for preventing unnecessary training. Filters of 32, 64, and 

128 with a kernel size of 3 x 3 and pooling size of 2 x 2 are considered for obtaining better features by using CNNs. Bidirectional 

LSTM consists of 64 units for handling sequential data. Meanwhile, the SE block ratio of 16 enhances feature selection. 

 

 

 

4. Dataset 

For this work, PlantVillage Dataset publicly available dataset was employed for the training and testing of the proposed crop disease 

detection system. The dataset is well known and is an open-source one, which is widely used by researchers for classification purposes 

in agriculture. It includes images of plant leaves in RGB format that belong to different crops and diseases. The images are 

preprocessed and are resized to be 224 × 224 pixels in size. 

In the current study, the dataset used is a customized one with an emphasis on four crops, including Apple, Grape, Potato, and Tomato. 

The dataset contains 27,545 images in 21 different classes, with each class denoting a certain crop along with its diseases (healthy 

crops as well). All the images have been obtained under laboratory-controlled environments, with a leaf kept against a consistent 

background. 

 

Dataset Link: 

https://www.kaggle.com/datasets/emmarex/plantdisease 

 

Table 3: Class-wise Dataset Distribution 

Crop Name Disease / Status Image Count 

Apple Apple scab 630 

Apple Black rot 621 

Apple Cedar apple rust 275 

Apple Healthy 1,645 

Grape Black rot 1,180 

Grape Esca (Black Measles) 1,383 

https://ijnrd.org/
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Grape Leaf blight 1,076 

Grape Healthy 423 

Potato Early blight 1,000 

Potato Late blight 1,000 

Potato Healthy 152 

Tomato Bacterial spot 2,127 

Tomato Early blight 1,000 

Tomato Late blight 1,909 

Tomato Leaf Mold 952 

Tomato Septoria leaf spot 1,771 

Tomato Spider mites 1,676 

Tomato Target Spot 1,404 

Tomato Mosaic virus 373 

Tomato Yellow Leaf Curl Virus 5,357 

Tomato Healthy 1,591 

Total 21 Classes 27,545 Images 

 
 

Fig. 5: Class-wise Distribution in Dataset 

This dataset is made up of images from several crops that have various disease levels; healthy plants are also included. From the graph 

above, it is evident that some categories in the dataset have more images than others. For instance, Tomato Yellow Leaf Curl Virus 

category has more pictures than Healthy Potato category. The large difference in picture numbers poses a problem in training because 

there is a risk of bias due to the dominance of one category over another. 

The controlled environment in which the dataset has been taken ensures that the model learns about the colors, shapes, textures, and 

other aspects of the leaves. Nevertheless, it may limit the model in the real-world application since the environments cannot be 

identical. Despite that, the dataset gives us a solid base for training models effectively. 

b. Multiclass Classification Dataset 

In case of multiclass classification, there are 21 classes in the dataset for each crop-disease combination. A particular class is for a 

particular type of disease. For instance, one class may be for early blight, another for late blight, etc. The difference in class distribution 
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makes clear that there is need to address imbalance. This is where methods such as dropout, data augmentation, and attention come 

handy for generalizing the model better. 

The dataset facilitates effective learning for classification tasks, thus, ensuring success of the proposed methodology 

 

5. Experimental Outcomes 
Results are illustrated in this section using confusion matrices, accuracy graphs, and loss graphs. To give a thorough assessment of 

the performance of the framework, other performance measures like precision, recall, accuracy, and F1-score are also computed. 

 

5.1 Disease Detection of Crops by Uploading the Images of Leaf  

In the design of this proposed crop disease detection system, leaves' images are uploaded either using the user interface or using the 

Internet of Things (IoT) devices. In this process, leaves' images are first validated using the HSV color masking technique along with 

a ResNet18 algorithm in order to guarantee that only the image containing a valid leaf is processed further. This is followed by the 

processing of images to be done by resizing them to 224 × 224 resolution, normalization, and noise reduction. 

Once this is completed, preprocessed images are then fed into the CNN architecture where the CNN extracts useful features like 

colors, patterns, and diseases in the images. Features extracted are then further improved by the SE mechanism, focusing on the parts 

of the leaf. In some instances, the CNN-Bidirectional LSTM model can also be used.. 

The extracted features then undergo full connection for classification into different categories of plant diseases. Furthermore, the 

application of Grad-CAM will also be applied to show the region affected by the disease in the leaf image. The results generated by 

the model will contain the disease predicted, confidence level, and suggested treatment. 

5.2 Performance Metrics 

In order to analyze the performance of the proposed classification model, other criteria are utilized along with accuracy since the 

imbalance of data might be encountered within the data set due to different numbers of images corresponding to each disease. 

For this reason, Precision, Recall (or Sensitivity), Specificity, and F1-score performance measures are also calculated based on the 

confusion matrix. 

• The value of Precision corresponds to the correct prediction of the positive cases. 

• Recall (Sensitivity) shows how well the model can detect diseased cases. 

• Specificity shows the capability of the model in detecting healthy instances. 

• F1-score measures the precision and sensitivity simultaneously and balances both metrics. 

Formulas for calculation of these performance criteria are provided below: 

Precision = TP / (TP + FP) 

Specificity = TN / (TN + FP) 

Recall / Sensitivity = TP / (TP + FN) 

Accuracy = (TP + TN) / (TP + TN + FP + FN) 

F1 Score = 2 × (Precision × Recall) / (Precision + Recall) 

 

Where: 

TP = True Positive 

TN = True Negative 

FP = False Positive 

FN = False Negative 

The reason why F1 score is preferred over accuracy in the current project because of the imbalanced nature of the dataset. When we 

consider the case of multiple classes of disease, macro averaging and weighted averaging precision, recall, and F1 score are used. 

This would ensure that the proposed system works well and gives reliable results. 
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Fig. 6. Training vs Validation Loss 

 

As can be seen from Figure 6, both training loss and validation loss vary throughout training periods. In the beginning, both training 

and validation losses are very high, implying that the model has yet to learn the data pattern and generalize to unseen data. However, 

throughout the training process, there is a consistent decrease in training and validation losses, meaning the model learns effectively 

and optimizes its parameters for higher accuracy. Another important aspect is the similar trend between the two lines, which means 

that no overfitting has occurred. 

 
Fig. 7. Training vs Validation Accuracy 

 

As is shown in Figure 7, this figure displays the training and validation accuracies for each epoch. At the beginning, the values of 

accuracies are relatively low because the system starts to learn from the data. However, the more epochs occur, the greater the training 

and validation accuracies become. In addition, the accuracy of validation becomes comparable with the training, which means that 

the model can generalize well without overfitting. Finally, the high accuracy at the end proves that the model can work effectively on 

classifying crop diseases. 

 

https://ijnrd.org/
http://www.ijnrd.org/


INTERNATIONAL JOURNAL OF NOVEL RESEARCH AND DEVELOPMENT (IJNRD) 
© 2026 IJNRD | Volume 11, Issue 8, August 2026 | ISSN: 2456-4184 | IJNRD.ORG 

 

 

IJNRD2608037 IJNRD - International Journal of Novel Research and Development (www.ijnrd.org) 

 

 

a347 

Fig. 8. Uploaded Image of Leaf and Predicted Outcome (Healthy Plant) 

 

 

In Fig. 8, there is a screenshot of the prediction process using an image of a healthy plant leaf, showing how the user interface of the 

proposed system looks like. In the system, the image is processed to yield a predicted outcome showing that the plant is healthy (Potato 

healthy) with a confidence score of 99.59%. 

 

 

 
Fig. 9 Uploaded Image of Leaf and Prediction Output (Plant with Disease) 

 

In Fig. 9, there is a screenshot showing how the uploaded image of a diseased plant leaf is processed using the prediction algorithm 

of the proposed system to yield a prediction outcome. The plant leaf in the image is correctly recognized by the proposed model as 

Cherry Powdery Mildew with a confidence score of 93.25%. 
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Fig. 10: Interface of Leaf Image Analyzer 

 

Figure 10 shows the front-end interface of the proposed leaf image analyzer system, which is intended to offer an easy-to-use and 

intuitive user interface. Through the interface, the user can upload leaf images by either selecting the file or by dragging and dropping 

the image files into the application interface, allowing the use of the application by non-technical persons such as farmers. The 

supported image file formats include JPEG and PNG formats with a specified file size. After uploading the leaf image, the user can 

start the process of analyzing the image by pressing the "Run AI Prediction" button to launch the image analysis process. 
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Fig. 11: Diagnosis Report with Disease Detection 

 

The Figure below is an illustration of the diagnosis report created through the system for diseased leaves, where the disease detected 

was Apple Black Rot. There are several details included in the diagnosis report, such as the name of the disease, high confidence level 

(97.3%), and measures to be taken in treating the disease like trimming the disease spots and using appropriate fungicides. Aside from 

the text-based results provided, there is also a feature for AI Visualization, which contains two outputs: Image Fusion and Grad-CAM 

heatmaps. As can be observed, image fusion emphasizes the structure of the leaves (leaf veins and diseased spots), while the heatmap 

shows the parts responsible for making predictions. It also lists the recommended medicines according to experts, together with their 

proper application. 

https://ijnrd.org/
http://www.ijnrd.org/


INTERNATIONAL JOURNAL OF NOVEL RESEARCH AND DEVELOPMENT (IJNRD) 
© 2026 IJNRD | Volume 11, Issue 8, August 2026 | ISSN: 2456-4184 | IJNRD.ORG 

 

 

IJNRD2608037 IJNRD - International Journal of Novel Research and Development (www.ijnrd.org) 

 

 

a350 

 
Fig. 12 Healthy Leaf Diagnosis Report 

 

In Fig. 12, we see the diagnosis report of a healthy leaf that belongs to the Grape Healthy class with a high accuracy level of 99.7%. 

Unlike the diseased samples, where there are treatments required, the system verifies that the plant is not infected by any disease and 

only suggests general maintenance guidelines to ensure healthy plants. It can be observed that visualization results such as image 

fusion and attention heat maps are provided by the system, indicating that even in the case of healthy leaves, the model is able to focus 

on the necessary regions of the leaf. This uniformity in visual results enhances the transparency of the process. Moreover, avoiding 

unnecessary treatments ensures sustainable agricultural practices. 

 

 

Novelty of Research 
 

The uniqueness of this study is in the application of Internet of Things (IoT) concepts and image processing along with deep learning 

approaches for designing an effective real-time crop disease detection framework. Different from conventional systems based on 

manual identification or off-line image analysis approaches, this approach can monitor crops in real time through the use of smart 

IoT-based tools such as smart cameras to facilitate direct field collection of relevant data. 

The uniqueness of the approach adopted by this study is also associated with image preprocessing procedures used to preprocess input 

data, which include removing noise, normalizing images, and performing segmentation tasks. It guarantees that the deep learning 

algorithm can receive high-quality input data, thereby contributing to increased effectiveness of disease recognition. In addition, this 

approach does not require manual feature selection because CNN-based algorithms can learn all critical features like color, texture, 

and diseases. 

Moreover, the system takes into account such external parameters as lighting and background that are usually disregarded by other 

solutions based on training deep learning algorithms on artificial data sets. 

At the same time, the combination of Internet-of-Things (IoT) technologies with deep learning allows delivering relevant information 

to farmers that will allow them to make decisions and undertake necessary actions on a preventive basis.The offered system is much 

more effective compared to the existing methods of smart farming 

 

 

6. Conclusion  

 
This research introduces an elaborate yet applicable system for detecting crop diseases based on the use of the Internet of Things 

(IoT), image processing and modern deep learning methods. This system manages to successfully automate the procedure of 

recognition of crop diseases based on images of plant leaves. The proposed method minimizes the need for manual inspections and 

expert knowledge through the automation of the procedure. By applying image processing techniques such as resizing, normalization 

and denoising, the system achieves improved quality of the data being fed to the algorithm, leading to increased prediction accuracy. 

The major advantage of this system consists in its ability to apply a combination of convolutional neural networks (CNN), squeeze-

and-excitation (SE) attention mechanism and possible implementation of the CNN-Bi-directional long-short term memory network 

architecture. Such systems are capable of detecting color changes, textures and spots indicative of a particular disease. In addition to 
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that, the application of SE allows focusing on important areas of the leaf and the LSTM component makes sure that the relationships 

between various areas are recognized. Finally, using Grad-CAM allows explaining the decisions made by the model.. 

From the experiments conducted, it can be seen that the model is able to provide high-level accuracy and stability as evident in training 

and validation graphs. The model also performs well under conditions of class imbalance because there are various methods of 

measuring its performance such as accuracy, precision, recall, and F1-score. In addition, the fact that the system provides real-time 

predictions and treatment suggestions is another added advantage. 

While the data utilized are images of crops collected in a laboratory setting, the developed model exhibits great generalization ability. 

It can be used as a basis for developing a smart agriculture system that helps detect diseases at an early stage, minimize the loss of 

crop produce, and increase efficiency 

 

Future Scope 
In terms of future work, one may consider using lightweight and efficient models on edge devices or mobiles for detecting diseases 

offline and in real-time. Adding more variety to the image dataset by collecting images taken in different environmental settings (such 

as differences in lighting conditions, backgrounds, and occlusions) may lead to higher robustness. Advanced technologies like 

transformers for visual recognition or self-supervised learning may be used to achieve better results while having less labeled data 

available. The application could be developed further by including agronomic tips, such as dosage, optimal application time, and cost-

effectiveness. Using IoT sensors for monitoring soil conditions (moisture, temperature, and humidity), it is possible to implement a 

full smart farming system. 

 

 

References 
 

[1] Z. Nyawose, et al., “Machine learning and deep learning methods for plant disease detection: A review,” Computers and 

Electronics in Agriculture, vol. 220, pp. 108-120, 2025. [2] V. S. Dhaka, et al., “Crop disease detection using deep learning: A review,” 

IEEE Access, vol. 9, pp. 160987–161011, 2021.  

[3] M. Hasan, et al., “Deep learning approaches for plant disease detection and classification: A review,” Artificial Intelligence in 

Agriculture, vol. 5, pp. 1–14, 2020.  

[4] E. A. Abade, et al., “A systematic review of convolutional neural networks for plant disease detection,” Computers and Electronics 

in Agriculture, vol. 176, pp. 105-117, 2020. 

[5] S. Shelar, et al., “Plant disease detection using convolutional neural networks,” ITM Web of Conferences, vol. 44, pp. 03049, 

2022. 

[6] Y. Sun, et al., “EfficientNet-based deep learning model for plant disease detection,” Smart Agricultural Technology, vol. 2, pp. 

100-112, 2022.  

[7] I. Ahmad, et al., “Deep learning-based plant disease detection: A review,” Ecological Informatics, vol. 72, pp. 101-115, 2023.  

[8] A. Upadhyay, et al., “Advances in deep learning for crop disease detection,” Artificial Intelligence Review, vol. 58, pp. 1–25, 

2025.  

[9] S. Hukkeri, et al., “CNN-based plant leaf disease classification,” The Open Agriculture Journal, vol. 18, pp. 1–12, 2024.  

[10] W. Demilie, et al., “Comparison of machine learning and deep learning techniques for crop disease detection,” Journal of Big 

Data, vol. 11, pp. 45–60, 2024.  

[11] B. Tugrul, et al., “Deep learning-based plant disease detection: A survey,” Agriculture, vol. 12, no. 8, pp. 1192, 2022.  

[12] N. Afreen, et al., “Plant disease detection using Capsule Networks,” International Journal for Research in Applied Science and 

Engineering Technology, vol. 10, pp. 2345–2352, 2022. [13] P. Kumar, et al., “Plant disease detection using transfer learning and 

deep learning models,” Procedia Computer Science, vol. 218, pp. 123–130, 2023.  

[14] R. Kumar, et al., “Optimized plant disease detection using CNN and metaheuristic algorithms,” International Journal of 

Computational En gineering Science, vol. 25, pp. 78–90, 2024.  

[15] R. Sharma, et al., “Hybrid CNN-LSTM model for crop disease predic tion,” Computers and Electronics in Agriculture, vol. 225, 

pp. 108–118, 2025.  

[16] S. Verma, et al., “Comparative analysis of CNN architectures for plant disease detection,” IEEE Access, vol. 13, pp. 45000–

45012, 2025.  

[17] D. Patel, et al., “Real-time plant disease detection using deep learning and mobile applications,” IEEE Transactions on Industrial 

Informatics, vol. 22, pp. 1120–1132, 2026.  

https://ijnrd.org/
http://www.ijnrd.org/


INTERNATIONAL JOURNAL OF NOVEL RESEARCH AND DEVELOPMENT (IJNRD) 
© 2026 IJNRD | Volume 11, Issue 8, August 2026 | ISSN: 2456-4184 | IJNRD.ORG 

 

 

IJNRD2608037 IJNRD - International Journal of Novel Research and Development (www.ijnrd.org) 

 

 

a352 

[18] L. Zhang, et al., “A scalable deep learning framework for plant disease detection,” Scientific Reports, vol. 16, pp. 2100–2115, 

2026.  

[19] A. Singh, et al., “Hybrid machine learning and deep learning approaches for plant disease detection,” Environmental Monitoring 

and Assessment, vol. 196, pp. 300–315, 2024.  

[20] K. Reddy, et al., “A systematic review of plant disease detection techniques using PRISMA methodology,” Indian Journal of 

Agricultural Research, vol. 58, pp. 220–230, 2024.  

[21] N. Gupta, et al., “Deep learning models for crop disease detection and classification,” Computers and Electronics in Agriculture, 

vol. 224, pp. 107–119, 2025.  

[22] X. Li, et al., “Enhanced CNN with attention mechanisms for plant disease detection,” Frontiers in Plant Science, vol. 16, pp. 

1505857, 2025.  

[23] Y. Chen, et al., “Region-based convolutional neural network for plant disease detection,” Journal of Plant Pathology, vol. 106, 

pp. 89–102, 2024.  

[24] M. Khan, et al., “Multi-class plant disease classification using deep learning,” IEEE Access, vol. 13, pp. 55000–55012, 2025.  

[25] P. Joshi, et al., “IoT-enabled smart agriculture system for crop disease detection using deep learning,” Sensors, vol. 25, no. 3, pp. 

1450–1465, 2025 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Copyright & License: 

 

© Authors retain the copyright of this article. This work is published under the Creative Commons 

Attribution 4.0 International License (CC BY 4.0), permitting unrestricted use, distribution, and reproduction 

in any medium, provided the original work is properly cited. 

 

https://ijnrd.org/
http://www.ijnrd.org/

